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Abstract 

Introduction. The malfunction of removable load-handling devices (RLHD) poses significant production risks. That is 
why research in this field is relevant. The problem has often become a topic of scientific investigation. The authors 
propose using artificial intelligence more extensively to monitor the state of RLHD. This paper presents a study on how 
to improve the machine vision model to better identify the absence of locks on RLHD hooks. A probable occurrence of 
such an issue in production is noted. A storage and monitoring system for RLHD condition is proposed. The aim of this 
study is to demonstrate the potential for further training of neural networks to significantly enhance the efficiency of 
RLHD monitoring, ensuring their safe use. 

Materials and Methods. The work is based on the results of a survey conducted at the LLC “KZ Rostselmash” plant 
from 2022 to 2023, involving 144 RLHD. Mathematical statistics methods were used to process the data. A neural 
network model previously trained using the YOLO computer vision algorithm was studied. It was retrained taking into 
account the norms of the rejection of RLHD, specified in federal rules and standards. Images of RLHD with defects and 
missing parts were collected from these sources and used to create a training database. The database was expanded by 
augmentation. The Roboflow platform was used for work. 

Results. The array of images used for further training of the neural network was divided into three samples: 
training (88%), validation (8%) and test (4%). These samples were used to train and validate its results. The training 
was completed after 260 epochs, with a steady increase in accuracy. The neural network model of computer vision 
obtained in this way automatically detected a common defect in the RLHD hook — the absence of a lock. Its 
performance was assessed using three indicators: average accuracy (94%), prediction accuracy (88.8%) and 
response (89.2%). The neural network could receive images from a video camera in real-time and recognize hook 
defects. During the RLHD inspection at the Rostselmash plant, a grab for lifting engines was found to have all three 
hooks defective — without locks. To avoid such situations, at the end of work, it was recommended to place the RLHD 
on a special stand equipped with a microcontroller device that could monitor for a number of potential issues using 
radio frequency identification. 

Discussion and Conclusion. The main goal of this proposed solution is to detect and address signs of non-compliance 
with the established standards. This task can be implemented in facilities that use lifting equipment. In this case, the 
timely noticed RLHD defects will allow preventing production incidents. As a result, material damage can be reduced 
and injury statistics improved. 


Keywords: monitoring the condition of removable load-handling devices, rejection of load-handling devices, defects 
of hooks for cargo work 
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AHHOTalna 


Beedenue. HeucupaBHoctTbs CbeMHBbIX rpy303aXBaTHBIx UpHcnocobsenuti (CIT) co3qaeT 3HayuMbIe MpOu3BO]CTBeCHHBIe 
puckH. OTHM obycNOBIeHa AaKTYaJIbHOCTb HCCIEAOBaHH B aHHOM HarIpaBenun. IIpoOmema yacTo craHOBuTcA TeMol 
Hay4HbIxX HW3bICKaHHH. ABTOPbI UpeararoT WHpe HCMONb30BaTb HCKYCCTBCHHbIM UMHTeWICKT JI< MOHMTOpHHTa 
coctosHua CITI. B npeazcraBnenHoi padote moKa3aHO, KaK YCOBePIICHCTBOBaTb MOJ[eJIb MaLIMHHOTO 3peHHA JIA 
I4WerO BbIABIICHHA OTCYTCTBHA 3aMKOB Ha KproKax CII]. Ormeyena BeposTHOCTb WMpoKoro pacipoctpaHeHHa 
TIpoOOsJIeMbI B IpOu3BOACTBeHHOM MpaxtTuKe. IIpeynoxwKeHa cxeMa CTeHya XpaHeHua u KOHTpomA cocrosHua CITI. Lemp 
YccIeqOBaHHA — IpOJCMOHCTpUpOBaTb BO3MOXKHOCTH OoOy4eHHA HelipoceTH WIA CYWJeCTBeHHOTO MOBBbILIeCHHA 
3ddbekTHBHOcTH KoHTposaA CITI, oOecneunBaromjero Oes0nacHOCTb HX IPHMeHeHHA. 

Mamepuaaot u memooot. Padota Oa3upyetca Ha akTax oOcneqoBaHua 144 CII] Ha 3aBone OOO «K3 «PoctcembMaly»» 
B 2022-2023 rr. Marepuambl oOpabaTEIBaIcb MeTOAaMH MaTemMaTHyeckol ctraTucTuKn. UccrefqoBasacb HeilipoceTeBaa 
MOJeJIb, IPeABapHTeIbHO OOy4eHHad M0 asITOpHTMy KOMIbIOTepHoro 3peHHa YOLO. Ee qoobyuumu c yueToM HOpM 
Opaxosku CITI, 3apuxcupopaHHbix B (esepayibHbIX WpaBulax MM cTaHwaptax. M3 9THxX MCTOUHHKOB B3AJIM 
w300paxenna CITI c feekTamu HW OTCYTCTBYIOLIMMH 9JIEMCHTaMH WH CcbopMupoBasN Oa3y WIA WOoOyyenua ceTu. basy 
pacluMpwim MeToyOM ayrMeHtauMH. Jia padoTEI HcHOub30BasM MIaTPopMy Roboflow. 

Pe3yiemamoi uccnedoeanua. Maccus w300paxeHHit WIA WoobyyeHHA HelpoceTH pa3yeuuIM Ha TpH BbIOOPKH: 
ooyuaronlyro (88 %), mpoBepouHyro (8 %) u TecToByro (4 %). Ilo HuM mpoBorMIU obyyeHHe UH BepHdulMpoBalu ero 
pe3yibTaTEI. OOyuenve 3aBepminMsocb 3a 260 3m0x pH cTaOvIbHOM yBesIMYeHHH TOUHOcTH paborTsI. Iomysennasa 
TaKHM OOpa30M HeiipoceTeBad MOJesIb KOMIbIOTEPHOLO 3peCHHA ABTOMATHYCCKH OOHAPy2KUBaeT 4aCTO BCTpeyalolMHlica 
qedbext xKproxa CII] — orcytcrsue 3amKa. KauyectBo ee padoTbI OWeHHIM TO TpeM MOKa3aTeJIMM: cpeqHAA 
ToUHOCTE (94 %), TOUHOCTR MpescKa3zaHHa (88,8 %) wu oTKIHK (89,2 %). Heiipocetb MoxeT B pexKHMe peasIbHoro 
BPeMeHH MOyuaTb H300paxKeHHe C BUACOKaMepbI M paciosHaBaTb Jeet Kproka. IIpu oOcueqoBanuu CITI na 3aBoze 
«PocTcelbMal> OOHAapyKHIM IKCIIyaTHpyeMbI 3axBaT JJId MOAbeMa ABUTaTeei, y KOTOporo BCe TPH KpioKa 
oka3aIMcb e:beKTHBIMH — 6e3 3aMKoB. J\JIt HCKIIOUCHHA TaKHX CHTyaluit 10 OKOHYaHUM padoTEI Wesecoobpa3sHo 
pasmermatp CII] Ha crtewaibHOM CTeH]e C MHKPOKOHTPOJWICpHbIM YCTPOLMCTBOM, KOTOPOe OTCIeEAUT HamMune paya 
TIpoOsIeM C MOMOLIbIO payMouacTOTHOM HAeHTHpUKAaLHN. 

O6cystcdenue u 3akK04enue. OcHOBHOe MpeqHasHayeHHe OMMcaHHoro pelleHHa — BbIABJICHMe UM (puKcalHAa 
IipH3HakoB HecooTBetcTBua CI II tTpeOyembimM HopMaTHBaM. 3ayja4ua MOxKeT ObITh peasIH30BaHa Ha OObeKTAX, 
SKCIIYAaTHpyIOWHxX MOAbeMHbIe CoopyxKeHHaA. B 39TOM cily4ae CBOCBPeMeHHO 3aMeyeHHbIe H3bEAHBI CITI no3BosatT 
TIpexyNpexkAaTb MpOM3BOACTBeHHbIc MHUMAeHTbI. B uTore MOXKHO paCCYHTBIBATb Ha CHWKeHHe MaTepHasIbHOrO 
yujepOa U yIy4IleHHe CTaTHCTHKH 110 TpaBMaTH3My. 


Ks1r04eBble CHOBA: KOHTPOJIb COCTOAHHA CbCMHBIX TpYy303AXBaTHBIX MIpHCHOCOOeHHH, OpakoBKa rpy303aXBaTHBIX 
IIpHcnocoOueHH, JePeKTbI KPIOKOB JIA TPy30BbIx paooT 


BaarogapHocru. ABTODBI BbIpaKalOT UPH3HaTeCJIbHOCTb KOJWICraM —— CHeWasInCcTaM Kacbeppl «OKcrTyaTayuAa 
TpaHCIIOPTHBIX CHCTeM H JIOTHCTHKa> ATTY 3a HOMO IIpH MOATOTOBKe MaTepHasIoB HCCC TOBaHHA. 
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Introduction. The sites where lifting cranes and other types of cranes are used are considered hazardous production 
facilities (HPF)! and must comply with strict safety regulations. This includes safe operation of the equipment complex 
and its elements, such as removable load-handling devices (RLHD). The health of this system depends to some extent 
on human factors [1], and the risks associated with these operations can be reduced by introducing automation and 
digital solutions. 

HPF activities are under the supervision of the Federal Service for Environmental, Technological and Nuclear 
Supervision (Rostechnadzor). At the same time, lifting structures and their associated equipment are exempt from regular 
inspections?, and the condition of the equipment is monitored by relevant services within the operating enterprises [2]. 

Rostechnadzor publishes annual statistics on accidents and incidents, as well as conclusions based on the results of 
its investigations*. These materials help us identify the main causes of accidents, particularly those related to the 
monitoring of the condition of lifting devices. Some of the main causes include: 

— absence of designated specialists responsible for the safe operation of lifting devices; 

— admittance to work of personnel without appropriate qualifications; 

— absence of job descriptions and production instructions at the facility; 

—untimely scheduled inspections, repairs and technical inspections of lifting devices and equipment working in 
conjunction with them. 

Slingers use removable devices to hang loads from the hooks of lifting cranes or crane manipulators. The trouble-free 
operation of the facility depends on the accuracy of these procedures. 

Lifting structures should only be used in work projects or with technological maps, which include a mandatory 
element — a cargo slinging scheme’. Before starting work, slingers, crane operators, and specialists responsible for safe 
work production get familiar with the technological maps with provision of signature upon familiarization. The slinging 
systems are posted at the work site. 

The second important safety factor is the condition of the RLHD equipment. RLHD malfunctioning can lead to 
falling of goods, lifting devices, or their components. Additionally, the stability of the lifting structure can be 
compromised, which can result in material losses and injury to personnel. 

Regulatory legal acts and job descriptions specify the requirements for continuous monitoring of the RLHD 
condition. According to these documents: 

—the slinger is responsible for daily monitoring of the RLHD condition, for which they are given time prior to 
starting work°; 

—at least once every 10 days, the specialist responsible for the safe operation of lifting structures monitors the 
condition of slings. At least once a month, they also monitor grabs and traverses. 

The results of the inspections are recorded in the logbook of periodic inspections of removable lifting devices and containers. 

The fulfillment of these requirements should exclude the possibility of using faulty, defective RLHD. 

It is known from statistics and literature [2] that the accident rate at HPF depends on the qualifications of managers 
and responsible specialists. Personnel with insufficient competencies [3] may neglect control, skip some stages, and 
violate the rules of RLHD inspections and documentation of their results. 

The correct use of artificial intelligence greatly enhances the effectiveness of RLHD control. 

This article explores the potential of further training neural networks [4] in order to improve the accuracy of 
monitoring the RLHD operational state. We propose introducing neural network-based computer vision 
technologies [5] for monitoring the operability of hooks on removable load-handling devices. 

This approach is in line with the National Strategy for the Development of Artificial Intelligence for the period up to 2030°. 

The aim of this study is to explore the potential for further training of a neural network in order to enhance the capabilities 
of machine vision for determining the RLHD suitability. The practical application of this proposed solution has the potential 
to improve the efficiency of monitoring the RLHD status and, consequently, enhance the safety of their usage. 


"On Industrial Safety of Hazardous Production Facilities. Federal Law No. 116-FZ dated 21.08.1997. Consultant Plus. URL: 
http://www.consultant.ru/document/cons_doc_ LAW_15234/ (accessed: 18.03.2024). (In Russ.). 
Td. 

> Rostechnadzor. Report on the Activities of the Federal Service for Environmental, Technological and Nuclear Supervision in 2022. URL: 
https://www.gosnadzor.ru/public/annual_ reports (accessed: 10.03.2024). (In Russ.). 
* On the Approval of Federal Norms and Rules in the Field of Industrial Safety "Safety Rules for Hazardous Production Facilities where Lifting Structures 
are Used". Rostechnadzor Order No. 461 dated 26.11.2020. Garant. URL: https://base.garant.ru/400165076/ (accessed: 10.03.2024). (In Russ.). 
5 Standard Instruction for Slingers on the Safe Production of Work by Lifting Machines (RD 10-107-96). Garant. URL: 
https://base.garant.ru/3924623/ (accessed: 10.03.2024). (In Russ.). 
® National Strategy for the Development of Artificial Intelligence for the Period up to 2030. Consultant Plus. URL: 
https://www.consultant.ru/document/cons_doc LAW_335184/ (accessed: 10.03.2024). (In Russ.). 
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Materials and Methods. Slings are designed to hook, strap and hold cargo on the hook of a lifting device [6]. 
Different methods of sling rejection are used, depending on the design of the sling and the material it is made from. The 
standards for sling rejection are defined in relevant documents. The test methods are described in the state standards’. 

Each sling must have a marking tag indicating the manufacturer, serial number, load capacity and test date. The 
absence of a tag is unacceptable and is an indication of a defect. An important element of the RLHD and slings is a 
hook with a mandatory locking device (hook lock) [7]. 

In preparing this article, we used mathematical statistics to analyze the results of a mass RLHD survey conducted at 
the LLC “KZ “Rostselmash” plant in Novocherkassk in 2022 and 2023. The survey was conducted by specialists from 
the engineering consulting center “Mysl””, which was affiliated with Novocherkassk State Technical University. The 
results of the survey were compiled in the form acts — mandatory appendices to the passports of each RLHD. These 
documents were the source materials of the presented scientific work (Fig. 1, 2). 


= With violations 


= Serviceable 


Fig. 1. Ratio of serviceable and non-serviceable RLHD 


= Frame (beam) defect 
= Defect of slings and chains 


= Hook defect 
= Absence of a passport 


= Other defects 


Fig. 2. Proportion of RLHD with inconsistencies and defects 


7GOST 33715-2015. Cranes. Non-Fixed Load-Lifting Attachments and Tare. Exploitation. Garant. URL: https://base.garant.ru/71684432/ 
(accessed: 10.03.2024). (In Russ.). 
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According to the survey of 144 RLHD, three quarters of the devices did not meet the requirements of regulatory 
documentation® (Fig. 1). 

The analysis of the distribution of defects and inconsistencies in regulatory documentation showed that the absence 
of an RLHD passport was most common (more than 40% of cases). The most common technical flaw was a hook defect 
(22% of cases). Defects in chains and slings accounted for 17% of recorded cases, and other defects accounted for 15%. 
Structural defects amounted to 5%. These were flaws in special grips, pins, clamps, frames, beams, and traverses. 

It is advisable to start the study with questions of monitoring the condition of hooks. In almost 100% of cases, their 
defects were the absence or breakdown of the sling retainer (lock). 

In [8], the possibilities of integrated risk assessment in the diagnosis of steel ropes using computer vision are 
explored. This approach has become the basic one in the development of methods for quickly identifying 
nonconformities and malfunctions of the RLHD. Devices that do not meet the required standards should not be 
permitted to operate. To this end, technical control must be strengthened through a digital monitoring system equipped 
with computer vision that can automatically detect visually identifiable malfunctions. 

Based on the results of the comparative analysis, one of the computer vision algorithms was chosen — the pre-trained 
YOLOv8 open access neural network®. This was the latest version of a well-known model for real-time object detection 
and image segmentation. It was based on the latest advances in deep learning and computer vision and had high 
performance in terms of speed and accuracy. Due to its design features, it was suitable for various applications and adapted 
easily to different hardware platforms. YOLOv8 identified many real-world objects: people, cars, computers, pieces of 
furniture, etc. However, YOLOv8 needed additional training to detect RLHD [9]. It was performed using the open online 
service Roboflow’, which provided the user with tools to create a database of annotated images necessary for training the 
YOLOv8 model. The service allowed you to upload and annotate images by specified classes, assign them to train, 
validation and test samples [10]. 

Results. To retrain the network, unannotated images of hooks of different types, sizes and shapes with and without a 
lock (Fig. 3) were used. These images were collected from various sources, including during the RLHD examination. 
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Fig. 3. Images of hooks without locks uploaded to the Roboflow service 
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The variety of hook images improved the quality of learning and subsequent recognition, significantly reduced the 
number of errors of the pre-trained model [11]. 

At the next stage, the contours of the recognition objects were selected using the smart polygon tool and annotated 
according to the hookWithLock (for hooks with a lock) and noLock (for hooks without a lock) classes (Fig. 4). 


8 Introducing Ultralytics YOLOV8. Ultralytics. URL: https://docs.ultralytics.com/ (accessed: 10.03.2024). 
° Everything You Need to Build and Deploy Computer Vision Models. Roboflow. URL: https://roboflow.com/ (accessed: 10.03.2024). 
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hookWithLock 


hookWithLock 


Fig. 4. Annotating the image 


The next stage in the additional training process for the neural network in Roboflow was augmentation, i.e. 
increasing the sample size by converting images. Perspective, noises, turns, etc. were used for this purpose. As a result, 
401 annotated images were obtained (Fig. 5) 


401 Total Images View All mages 3 


Dataset Split 
TRAIN SET VALID SET t sx ) TEST SET C ) 
17 Images 


351 Images 33 Images 


Fig. 5. The result of annotation and augmentation 


The resulting array of images was divided into train set, valid set and test set in the ratio of 88%, 8% and 4%, 
respectively. Samples were used for network training and verification of learning outcomes [12]. 

The network trained and compared the results with a valid sample. At the same time, the accuracy of its work 
steadily increased, and the training was completed in 260 epochs (Fig. 6). 
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Fig. 6. Changes in the accuracy of computer vision neural network in the learning process 


As a result, we obtained a neural network model of computer vision, which automatically detected a common 
defect of the RLHD hook — the absence of a lock. The quality of its work was assessed by three indicators described 


below (Fig. 7) 
hook_lock/1 More Metrics Visualize 
89.2% 


94.0% 88.8% 


Model Type: Roboflow 3.0 Object Detection (Fast) mAP @ | Precision @ | Recall @ 


Checkpoint: COCO 


Fig. 7. Indicators of the quality of training of the resulting neural network 
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1. Average precision value (mAP), equal to the average value of the average accuracy index for all classes in the 


model. In this case, it was 94%. 
2. Precision of prediction — showed how often the model's predictions turned out to be correct. The fixed level was 88.8%. 
3. Recall — the percentage of successfully identified tags. It was 89.2%. 
Such a neural network could receive a real-time image from any video camera and recognize a hook defect (Fig. 8) 


Fig. 8. Work of a pre-trained neural network to detect hooks: a — with a lock; b — without a lock 


This neural network was easily embedded in the program code in any programming language. This made it possible 
to create a software product for automated assessment of the presence of RLHD defects and implement it into a 
production digital system for monitoring the RLHD condition [13]. 

During the RLHD inspection at the LLC “KZ “Rostselmash”” plant, a PM-001501 grab was found. The device was 
manufactured by the production company “Pod’em-master” and was designed for lifting engines of the Yaroslavl Motor 
Plant. It could serve as an example of the operation of a faulty RLHD (Fig. 9). 

= 
~ 


| 


Fig. 9. PM-001501 grab without locks on hooks 
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As you can see, there were no mandatory locks on all three hooks. Nevertheless, the device was operated, which 
posed risks to the life and health of personnel, as well as endangered the integrity of technical facilities. It was logical to 
assume that such elements were in operation at many enterprises in Russia. To avoid such situations, the authors of this 
article proposed to place the RLHD on a special stand at the end of the work (Fig. 10). 


482 1,050 


loo 


241 
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Fig. 10. Stand for storage and monitoring of the RLHD condition: 1 — stand; 2 — bracket with camera; 3 — box for RLHD 
passport; 4 — electronic unit; 5 — base; 6 — hook pin; 7 — insulator; 8 — hanger; 9 — removable load-handling device 


The stand was equipped with a microcontroller device that monitored the availability of the RLHD passport using an 
RFID tag (radio frequency identification). In addition, it was used to determine the correct placement of hooks on the stand. 
The tactile pins of the ESP32 controller were used for this purpose. When the hooks were positioned correctly, their condition 
was recorded by a camera [14] mounted on the stand bracket. The resulting image was interpreted by a trained neural network 
model of computer vision and a preliminary conclusion was drawn on the presence or absence of a defect [15]. 

Discussion and Conclusion. The proposed software and hardware solution is designed for automated assessment of 
the condition of RLHD elements of operated lifting cranes. Using the potential of artificial intelligence improves the 
quality and efficiency of monitoring. In particular, it allows timely identification of the lack of necessary elements and 
defective indicators of the RLHD. This opens up the possibility of a significant reduction in accidents. Adequate 
implementation of the proposed approach in production practice will also ensure informed decision-making regarding 
extending the service life, admission to further operation or rejection of the RLHD. 


References 

1. Egelskaya EV, Romanenko MYu. Aspects of Application of a Risk-Based Approach to Hazardous Production 
Facilities. Safety of Technogenic and Natural Systems. 2020;(4):45—49. https://doi.org/10.23947/2541-9129-2020-4-45-49 

2. Egelsky VV, Nikolaev NN, Egelskaya EV, Korotkiy AA. Influence of the Competencies of Lifting Crane 
Specialists on the Probability of Emergencies. Safety of Technogenic and Natural Systems. 2023;(2):70-79. 
https://doi.org/10.23947/2541-9129-2023-7-2-70-79 

3. Sanaz Sadeghi, Nazi Soltanmohammadlou, Payam Rahnamayiezekavat. A Systematic Review of Scholarly Works 
Addressing Crane Safety Requirements. Safety Science. 2021;133:105002. https://doi.org/10.1016/j.ssci.2020.105002 

4. Chislov ON, Lyabakh NN, Kolesnikov MV, Bakalov MV, Zadorozhny VM. Neural Network Investigation of 
Transport Systems. Transport: science, equipment, management (Scientific information collection). 2021;(10):9-13. 
https://doi.org/10.36535/0236-1914-2021-10-2 (In Russ.). 

5. Turluyev RR. Neural Networks in Corporate Governance Systems. In: Proceedings of the IT All-Russian Scientific 
and Practical Conference “Digitalization: Russia and the CIS in the context of global transformation”. Petrozavodsk: 
Novaya Nauka; 2021. P. 7-16. https://doi.org/10.469 16/1204202 1-2-978-5-00174-191-6 (In Russ.). 

6. Shuai Kang, Hongbing Wang. Crane Hook Detection Based on Mask R-CNN in Steel-making Plant. Journal of 
Physics: Conference Series. 2020;1575:012151. https://doi.org/10.1088/1742-6596/1575/1/012151 


Machine Building 


65 


https://bps-journal.ru 


66 


Egelsky VV, et al. Use of Artificial Intelligence to Monitor the Reliability of Removable Load-Handling Devices 


7. Weiguang Jiang, Lieyun Ding. Unsafe Hoisting Behavior Recognition for Tower Crane Based on Transfer 
Learning. Automation in Construction. 2024;160:105299. https://doi.org/10.1016/j.autcon.2024. 105299 

8. Panfilov AV, Nikolaev NN, Yusupov AR, Korotkiy AA. Integral Risk Assessment in Steel Ropes Diagnostics 
Using Computer Vision. Safety of Technogenic and Natural Systems. 2023;(1):56—69. https://doi.org/10.23947/2541- 
9129-2023-1-56-69 

9. Piskoty G, Affolter Ch, Sauder M, Nambiar M, Weisse B. Failure Analysis of a Ropeway Accident Focussing on 
the Wire Rope's Fracture Load under Lateral Pressure. Engineering Failure Analysis. 2017;82:648-656. 
https://doi.org/10.1016/j.engfailanal.2017.05.003 

10. Aimin Zhu, Zhiqian Zhang, Wei Pan. Technologies, Levels and Directions of Crane-Lift Automation in 
Construction. Automation in Construction. 2023;153:104960. https://doi.org/10.1016/j.autcon.2023.104960 

11. Zhe Sun, Zhufu Zhu, Ruoxin Xiong, Pingbo Tang, Zhansheng Liu. Dynamic Human Systems Risk Prognosis 
and Control of Lifting Operations during Prefabricated Building Construction. Developments in the Built Environment. 
2023;14:100143. https://doi.org/10.1016/j.dibe.2023.100143 

12. Vahid Kargar, Mehdi Jahangiri, Moslem Alimohammadlu, Mojtaba Kamalinia, Marziyeh Mirazahossieninejad. 
Risk Assessment of Mobile Crane Overturning in Asymmetric Tandem Lifting (ATL) Operation Based on Fuzzy Fault 
Tree Analysis (FFTA). Results in Engineering. 2022;16:100755. https://doi.org/10.1016/j.rineng.2022.100755 

13. Szpytko J, Duarte YS. Exploitation Efficiency System of Crane Based on Risk Managemen. In: Proceedings of 
the International Conference on Innovative Intelligent Industrial Production and Logistics — IN4PL. SciTePress; 2020. 
P. 24-31. https://doi.org/10.5220/0010123200240031 

14. Stroganov YuN, Belov VV, Belova NN, Maksimov AN, Ognev OG. Analysis of Model for Assessing the Road 
Train Movement Stability. Journal of Physics: Conference Series. 2021;1889:042051 https://iopscience.iop.org/article/ 
10.1088/1742-6596/1889/4/04205 1 

15. Haoran Ding, Mingxing Li, Ray Y. Zhong, George Q. Huang, Multistage Self-Adaptive Decision-Making 
Mechanism for Prefabricated Building Modules with IoT-Enabled Graduation Manufacturing System. Automation in 
Construction. 2023;148:104755. https://doi.org/10.1016/j.autcon.2023.104755 


About the Authors: 
Vladislav V. Egelsky, Postgraduate Student of the Transport Systems Operation and Logistics Department, Don 
State Technical University (1, Gagarin Sq., Rostov-on-Don, 344003, RF), ORCID, sp_5S5sp_6pb_97n14@mail.ru 


Nikolay N. Nikolaev, Cand.Sci. (Eng.), Associate Professor, Associate Professor of the Transport Systems 
Operation and Logistics Department, Don State Technical University (1, Gagarin Sq., Rostov-on-Don, 344003, RF), 
SPIN-code: 8640-3508, ORCID, ResearcherID, ScopusID, nnneks@yandex.ru 


Elena V. Egelskaya, Cand.Sci. (Eng.), Associate Professor of the Transport Systems Operation and Logistics 
Department, Don State Technical University (1, Gagarin Sq., Rostov-on-Don, 344003, RF), SPIN-code: 4663-9101, 
ORCID, egelskaya72@mail.ru 


Anatoly A. Korotkiy, Dr.Sci. (Eng.), Professor, Head of the Transport Systems Operation and Logistics 
Department, Don State Technical University (1, Gagarin Sq., Rostov-on-Don, 344003, RF), SPIN-code: 1948-3628, 
ORCID, ScopusID, korot@novoch.ru 


Claimed Contributorship: 

VV Egelsky: data preparation for neural network training. 

NN Nikolaev: development of research methodology, neural network training. 

EV Egelskaya: assessment of the state of the issue and the relevance of the research, participation in the formulation 
of the initial concept, design of the research results. 

AA Korotkiy: generalization of the research results, formulation of the conclusions. 


Conflict of Interest Statement: the authors declare no conflict of interest. 
All authors read and approved the final version of the manuscript. 


Received 22.03.2024 
Revised 05.04.2024 
Accepted 10.04.2024 


Safety of Technogenic and Natural Systems. 2024;8(2):57-67. eISSN 2541-9129 


O6 aemopax: 

Buaguctas Butranbesny EreabcKnii, acrmpantT Kadexppl 9KCIUIyaTaluH TpaHClOpTHbIX CHCTeM HM JIOTHCTHKU 
JloHckoro rocyfapcTBeHHoro TexHuYeckoro yHuBepcuTeta (344003, P®, r. Pocros-Ha-Jjony, mu. larapnua, 1), 
ORCID, sp S5sp_6pb_97n14@mail.ru 


Hukonuaii Hukxonaesua Hukonaes, KanyqugaT TeXHHYeCKHX HayK, JOUCHT, AOWeCHT Kacespbl sKcrIyaTaHU 
TpaHClOpTHBIX cHcTeM u NorucTuKH J[oHCKOrO TrocyyapcTBeHHoro TexHMYecKoro yHuBepcuteta (344003, Pd, 
r. Poctos-Ha-JJony, m1. Parapuna, 1), SPIN-Koz: 8640-3508, ORCID, ResearcherID, ScopusID, nnneks@yandex.ru 


Enena Baagqumuposua Ereapcekan, Kan uaT TeEXHHYeCCKHX HayK, JOUCHT Kacbespbl IKCIIyaTalMH TpaHCilopTHBIx 
cucteM 4 jlorucTuKu JloHcKoro rocyfapcTBeHHOrO TexHuyecKoro yHuBepcuteta (344003, P@, r. Poctos-Ha-Jlony, 
tim. Darapuna, 1), SPIN-Kon: 4663-9101, ORCID, egelskaya72@mail.ru 


AnatTounii Apkagbesn4u KopotTkuii, OKTOp TexHW4ecKHxX HayK, Mpodeccop, 3aBexyroumi Kadexpor 
SKcyaTayHMM TpaHcinopTHbIxX cHcTemM u sorucTuKu JoHCKOrO TocyyapcTBeHHOrO TeXHHYecKOrO YyHHBepcuTetTa 
(344003, P®, r. Pocros-Ha-Jlony, mm. Darapuua, 1), SPIN-Kom: 1948-3628, ORCID, ScopusID, korot@novoch.ru 


3aA6NeHHbIU 6KIAO aemopoe: 

B.B. Erenpcxuii — nogroToBKa JaHHbIx Jit OOydeHuA HeHpoHHOH ceTu. 

H.H. Huxonaes — pa3pa0oTKa MeTOAMKH HcceqoBaHHA, OOyYeHHe HeipoHHol ceTH. 

E.B. Erempcxad — oleHKa COCTOAHHA BOTIpoca UM aKTyaJIbHOCTH MCCIIeqOBaHuA, yyacTHe B (bOopMHpoBaHHu 
MCXOJHOM KOHN, OPOpMIIeHHe pe3yIbTaTOB HCCIeNOBaHHA. 

A.A. Kopotkuli — o6o6uleHue pe3yIbTaToB UccieqOBaHHA, (POPpMyHMpOBaHHe BbIBOAOB. 


Kongauxm unmepecos: aBTopbl 3aABJIAIOT OO OTCYTCTBHM KOHDIHKTa HHTEpecos. 
Bce aemopoi npowumaau u odobpulu oKOHYaMebHolU Bapuanm pyKonucu. 


Tlocrynu.ia B pexakunto 22.03.2024 
Tlocrynu.i1a nocsie peen3supoBanna 05.04.2024 
I[punara k nyOsnKkayun 10.04.2024 


Machine Building 


67 


